Abstract
Background
Structure-based and ligand-based virtual screening of compound collections has become extensively used in drug discovery programs to reduce the number of compounds going into high throughput screening procedures [1] . The aim of virtual screening methods is to enrich a subset of molecules in potentially active compounds while discarding the compounds supposed to be inactive according to a scoring function [2] . One of the issues with their use in prospective screening is to choose an optimal score selection threshold for experimental testing. It is usually estimated empirically through the analysis of retrospective virtual screening outputs on benchmarking datasets, which include known active compounds and putative inactive compounds (also known as decoys).
In this context, different metrics have emerged to evaluate the performance of virtual screening methods: enrichment factors (EFs), receiver operating characteristics (ROC) curves [2] , the area under the ROC curve (ROC AUC) [2] , the partial area under the ROC curve (pAUC) [3] , the Boltzmann-enhanced discrimination of ROC (BEDROC) [4] , the robust initial enhancement (RIE) [5] ; ROC and EF being the most widely used. The ROC curves and their AUC provide a common scale to compare the performances of virtual screening methods. However, the ROC curves and their AUC suffer from two limitations. First, virtual screening methods are used to prioritize a subset of the screened compound collection for experimental testing, whereas ROC curves and ROC AUC summarize the ability of a method to rank a database over its entirety [4, 6] . Second, these two metrics are exclusively based on the ranks obtained by the compounds according to the score they obtained with the virtual screening method and do not take into account the difference in score between successively ranked compounds. Additionally, ROC curves are not suited to estimate the size of the molecular fraction selected at a given threshold. The true positive fraction (TPF) and false positive fraction (FPF) of the ROC plot can reflect a very different number of compounds on an identical scale, which can be misleading for analyzing the early recognition of active compounds.
EFs are more reliable towards the early recognition problem, since they are focused on the true positive fraction [2] . However, with EFs, the "ranking goodness" before the fractional threshold is not taken into account and their maximum value is strongly dependent on the ratio of active compounds over decoys in the benchmarking dataset (i.e. prevalence of activity) [2, 4, 7] . Another problem reported in previous studies is that metrics that seem to be statistically different such as ROC AUC, BED-ROC, the area under the accumulation curve (AUAC) and the average rank of actives are in fact intimately related [4, 7, 8] .
Different metrics have been proposed to overcome the limitations of the widely used EF and ROC curves, such as pAUC [3] , BEDROC [4] and RIE [5] , which better address early recognition. However, some limitations still persist: (1) the rank-based problems of ROC AUC are inherited by pAUC; (2) the maximum RIE value is dependent on the ratio of active compounds over decoys (similarly to EFs) [4] ; and 3. BEDROC is dependent on a single parameter that embodies its overall sensitivity and that has to be selected according to the importance given to the early ranks. Unbiased comparisons between different evaluations are then rendered difficult by such a sensitive parameter [4, 6] .
In the present work, we aimed to transfer to the field of virtual screening the Predictiveness Curve (PC) [9] , a metric that has already been advocated in clinical epidemiology [10] [11] [12] [13] [14] , where the values of biomarkers are used to formulate diagnoses, prognoses and assess disease risks. The use of PCs is described in the literature to evaluate the performance of given biological markers, to assess the fit of risk models and to estimate the clinical utility of a model when applied to a population. The dispersion of the scores attributed to the compounds by a given method is emphasized with the predictiveness curve, providing complementary information to classical metrics such as ROC and EF. Predictiveness curves can be used to (1) quantify and compare the predictive power of scoring functions above a given score quantile; and (2) define a score threshold for prospective virtual screening, in order to select an optimal number of compounds to be tested experimentally in a drug discovery program. In this study, we show how PCs can be used to graphically assess the predictive capacities of virtual screening methods, especially useful when considering the early recognition problem. Next, we applied the PC to the analysis of retrospective virtual screening results on the DUD database [15] using three different methods: Surflex-dock [16] , ICM [17] , and Autodock Vina [18] . We introduced the use of the total gain (TG) [19] to quantify the contribution of virtual screening scores to the explanation of compound activity. Standardized TG (noted as TG) ranges from 0 (no explanatory power) to 1 ("perfect" explanatory power) and can be visualized directly from the predictiveness curve [19] . Similarly, the partial total gain (pTG) [20] allows the explanatory power of virtual screening scores in the early part of the benchmarking dataset to be quantified as a partial summary measure of the PC. By monitoring the performances of three virtual screening methods using the predictiveness curve, TG and pTG on the DUD dataset, we have proposed a new approach to define optimal score thresholds adjusted to each target. Finally, we have discussed the interests of using predictiveness curves, total gain and partial total gain in addition to the ROC curves to better assess the performances of virtual screening methods and optimize the selection of compounds to be tested experimentally in prospective studies.
Methods

The directory of useful decoys (DUD) dataset
The DUD is a public benchmarking dataset designed for the evaluation of docking methods containing known active compounds for 40 targets, including 36 decoys for each active compound [15] . We selected for each target its corresponding DUD-own dataset that comprises only its associated active compounds and decoys. In our study, we used DUD release 2 dataset available at http://dud. docking.org.
Selection and preparation of the protein structures
We selected for this study the 39 targets issued from the DUD for which at least one experimental structure was available. Target PDGFR-β was thus excluded since it was obtained through homology modeling. Hydrogen atoms were added using Chimera [21] .
Computational methods
Surflex-dock
Surflex-dock is based on a modified Hammerhead fragmentation-reconstruction algorithm to dock compound flexibly into the binding site [16] . The query molecule is decomposed into rigid fragments that are superimposed to the Surflex protomol (i.e. molecular fragments covering the entire binding site). The docking poses were evaluated by an empirical scoring function. For each structure, the binding site was defined at 4Å around the co-crystallized ligand for the protomol generation step. In this study, Surflex-dock version 2.5 was used for all calculations.
ICM
ICM is based on Monte Carlo simulations in internal coordinates to optimize the position of molecules using a stochastic global optimization procedure combined with pseudo-Brownian positional/torsional steps and fast local gradient minimization [17] . The docking poses were evaluated using the ICM-VLS empirical scoring function [22] . The binding sites defined for docking were adjusted to be similar to the Surflex protomol. ICM version 3.6 was used for all calculations.
AutoDock Vina
Autodock Vina generates docking poses using an iterated local search global optimizer [23] which consists in a succession of steps of stochastic mutations and local optimizations [18] . At each step, the Broyden-FletcherGoldfarb-Shanno algorithm (BFGS) is used for local optimization [24] . Autodock Vina evaluated docking poses using its own empirical scoring function. The binding sites have been defined identically to the ones used for Surflex-dock and ICM calculations to obtain similar spatial search areas in all of the docking experiments. We used Autodock Vina version 1.1.2 for all calculations.
ROC curves analysis
The ROC curve applied to the retrospective analysis of a virtual screening experiment is a plot of the true positive fractions (TPF, y-axis) versus false positive fractions (FPF, x-axis) for all compounds in a ranked dataset [2, 6] . Each point of the ROC curve then represents a unique TPF/FPF pair corresponding to a particular fraction of the molecular dataset. A scoring function that would be able to perform perfect discrimination (i.e. no overlap between the two distributions of active and inactive compounds according to their calculated scores of binding affinity) has a ROC curve that passes through the upper left corner of the plot, where the TPF is 1 (perfect sensitivity) and the FPF is 0 (perfect specificity). The theoretical ROC curve resulting from an experiment in which the scoring function would have no discrimination is a 45° diagonal line from the lower left corner to the upper right corner. Qualitatively, the closer the curve is to the upper left corner, the higher the overall accuracy of the test. The area under the ROC curve (ROC AUC) summarizes the overall performance of a virtual screening experiment [2] , whereas the partial area under the ROC curve (pAUC) allows to focus on a specific region of the curve and is usually calculated at a given early FPF value [3] .
Predictiveness curves calculation
The approach we used in this study relies on the use of logistic regression to model how the scores issued by virtual screening methods explain the activity of the compounds in a virtual screening experiment. We used generalized linear models with a binomial distribution function and the canonical log link to calculate each compound probability of activity from the scores obtained by the compounds in a virtual screening experiment. Parameters were fit using the iteratively reweighted least squares algorithm. The predictiveness curve was then built as a cumulative distribution function (CDF) of activity probabilities. Let A denote a binary outcome termed compound activity where A = 1 for active and A = 0 for inactive. The probability of a compound to be active given its VS score Y = y is
We proposed the use of the predictiveness plots, R(v) versus v, to describe the predictive capacity of a VS method, where R(v) is the activity probability associated with the vth quantile of the VS scores:
, and F is the CDF of VS scores. Hence, predictiveness plots provide a common scale for making comparisons between VS methods that may not be comparable on their original scales [12] . Suppose p L and p H are two thresholds that define "low probability of activity" and "high probability of activity". Then the proportions of the compounds with low, high, and equivocal probabilities of activity are R
(p L ), respectively, using the inverse function of R(v). Virtual screening scores that are uninformative about compound activity assign equal activity probabilities to all compounds,
where p is the prevalence of activity in the molecular dataset. On the other hand, perfect VS scores assign P act (Y) = 1 for the proportion p of compounds with A = 1 and P act (Y) = 0 for the proportion 1 − p with A = 0. Correspondingly, its PC is the step function
, where I is the indicator function. Most scoring functions are imperfect, yielding activity probabilities between these extremes. Good predictions issued from virtual screening methods yield steeper predictiveness curves corresponding to wider variations of activity probabilities.
Predictiveness plots analysis
The ability of the models to highlight score gaps between compounds and relate those differences to activity probabilities allowed us to quantify the predictive power of virtual screening methods in terms of both scoring and ranking. Displaying the PC then allows for an intuitive analysis of the performances of virtual screening methods. The visualization of the total gain, partial total gain and the size of the molecular subset enables a straightforward interpretation of the results (Fig. 1a) . For a completely uninformative model the PC would correspond to a horizontal line at the level of activity prevalence ( Fig. 1) . Inversely, steep predictiveness curves enable the observation of an inflexion point from which the curve rises. Hence, additionally to its benchmarking interests, PC provides a guidance to choose an optimal score threshold from VS results, allowing one to assess decision criteria from multiple points of view. Visualizing the curve allows to determine if activity probability variations are important enough to induce the selection of a threshold for prospective virtual screenings. Usual metrics can also be interpreted from the predictiveness curve: the true positive fraction (TPF), false positive fraction (FPF), positive predictive value (PPV) and negative predictive value (NPV) (Fig. 1b) .
Performance metrics
Statistical analysis was conduced using the R software [25] . The package ROCR [26] was used to plot ROC curves and perform ROC and partial ROC AUC calculations.
Enrichment factors were computed as follows:
where Hits x% is the number of active compounds in the top x% of the ranked dataset, Hits t is the total number of active compounds in the dataset, N x% is the number of compounds in the x% of the dataset and N t is the total number of compounds in the dataset. The contribution of virtual screening scores to the explanation of compounds activity can be quantified over a dataset using the standardized total gain (TG) [19] , introduced by Bura et al. as a summary measure of the predictiveness curve:
where p is the prevalence of activity in the molecular dataset and R(v) is the value of the activity probability at the vth quantile. The total gain is normalized by its maximum value, so that TG values are in the range [0,1] (null to perfect explanatory power). TG summarizes the proportion of variance in a binomial outcome explained by
Hits x% /N x% Hits t% /N x% the model. In our application, TG quantifies the success of a VS method to rank and score compounds depending on activity, over the complete molecular dataset. The predictive performance of VS scores can be quantified above the vth quantile of the molecular dataset using the partial total gain (pTG) [20] , recently introduced by Sachs et al. as a partial summary measure of the PC, defined as:
where p is the prevalence of activity in the molecular dataset and R(v) is the value of the activity probability at the vth quantile of the dataset. The denominator term is a standardization factor leading to pTG values in the range of 0 to 1 and makes pTG prevalence independent. pTG summarizes the proportion of variance in a binomial outcome explained by the model above the vth quantile. In our application, pTG quantifies the contribution of virtual screening scores to the explanation of compounds activity above the vth quantile of the molecular dataset.
Results
Assessment of the predictive power of a scoring function
We first illustrated the use of the predictiveness curve as a complement to the ROC curve with the results obtained from Surflex-dock, ICM, and Autodock Vina on target retinoic X receptor (RXR) of the DUD dataset (Fig. 2) . For these methods, the ROC AUCs indicated that the discrimination of active compounds over inactive
compounds within the complete dataset was successful (Surflex-dock: 0.907, ICM: 0.812, Autodock Vina: 0.944). The ROC curve profiles suggested that acceptable early recognition has been achieved by the three methods (Surflex-dock pAUC2 %: 0.167, ICM pAUC2 %: 0.342, Autodock Vina pAUC2 %: 0.330), which was confirmed in terms of enrichment (Surflex-dock EF2 %: 16.84, ICM EF2 %: 24.06, Autodock Vina EF2 %: 26.47). Under these conditions, following the first described use of the ROC curves for the analysis of virtual screening results [2] , score selection thresholds could be extracted from the curve points prior to FPF = 0.2 by maximizing the sensitivity or the specificity of the method.
In the present case, the analysis of the predictiveness curves brought complementary insights. Total gain values indicated that the detection of the activity of the compounds is related to more important score variations with Autodock Vina, compared to ICM and Surflex-dock (Surflex-dock TG = 0.675, ICM TG = 0.124, Autodock Vina TG = 0.740). The contributions of each scoring function to the early detection of active compounds can be quantified using the partial total gain (Surflex-dock pTG2 %: 0.308, ICM pTG2 %: 0.026, Autodock Vina pTG2 %: 0.653), which enables a straightforward comparison of the performances of the methods in a limited range of the dataset. In the case of ICM, even if the ROC curve profile supported that global and early enrichments are achieved, the associated PC corresponded to a quasi null-model, associated to a low TG value. Even if ICM was able to rank the active compounds satisfactorily, the analysis of the PC informed us that the score variations Table S1 ; Additional file 2: Table S2 and Additional file 3: Table S3 between the active compounds and the decoys were not representative of the activity of the compounds. Then, deriving score thresholds from the analysis of retrospective virtual screening experiments with ICM would not be relevant for the prospective detection of active compounds on RXR.
The PCs could graphically emphasize the performance of each method on early enrichment, highlighting that the most predictive method towards the activity of the compounds on RXR was Autodock Vina, over Surflexdock and ICM.
Selection of optimal score thresholds
A visual analysis of the PCs for RXR clearly displayed that Autodock Vina outperformed Surflex-dock and ICM in terms of early enrichment and that its scoring function would be more predictive of activity within its high scores. In particular, for Autodock Vina on this target, an inflexion point was observable where the PC rose steeply (3.38 % of the ranked dataset), which allowed the retrieval of a score selection threshold from which the scores are highly associated with the activity of the compounds in the corresponding subset (Autodock Vina pTG3.38 %: 0.488, Autodock Vina EF3.38 %: 21.39) (Fig. 2, vertical dashed green line) . The pTG of 0.488 in the selected subset signified that each compound in this subset has an average probability gain of 0.488 of being active over the random picking of compounds. For Surflex-dock the PC showed a different profile, gradually increasing to reach activity probabilities over 0.5. In this particular case, the threshold selection is graphically estimated depending on the size of the selected subset. We have estimated the optimal selection threshold for Surflex-dock at 3.25 % of the ranked dataset (Surflexdock pTG3.25 %: 0.265, Surflex-dock EF3.25 %: 10.37) (Fig. 2, vertical dashed black line) , which was close to the optimal threshold retrieved with Autodock Vina. We then projected these two thresholds on the ROC curves (Fig. 2, horizontal colored dashed lines) . Interestingly, the visualization of these two thresholds on the PC and ROC curves emphasized the bias induced by the ROC towards the estimation of the size of the selected subset. For the two close selected thresholds the corresponding points on the ROC curves largely differ emphasizing that the ROC curves are not adapted to visualize the size of the selected datasets (Surflex-dock TPF3.25 %: 0.350, Surflex-dock FPF3.25 %: 0.025, Autodock Vina TPF3.38 %: 0.750, Autodock Vina FPF3.38 %: 0.016).
Emphasize on the different early recognition profiles
We performed virtual screening experiments on 39 targets from the DUD dataset using Surflex-dock, ICM and Autodock Vina. For 9 out of the 39 targets (ACHE, AMPC, FGFR1, GR, HIVRT, HSP90, PR, TK and VEGFR2), none of the three virtual screening methods yielded differences in score that were predictive of the activity of the compounds, resulting in PCs quasi nullmodel profile and very low TG values.
Surflex-dock, ICM and Autodock Vina screenings of the remaining datasets resulted in PCs with a profile that allowed an estimation of an optimal score selection threshold at the steepest inflexion point of the PC for respectively 22, 19 and 17 datasets. ROC AUC and TG are presented in Table 1 .
The score selection thresholds for each method varied with the datasets (Surflex-dock: 6.73-12.83, ICM: −52.17 to −22.69, Autodock Vina: −12.10 to −9.00). Mean EF and median EF in the resulting subsets for each virtual screening method were superior to 13.00. The analysis thus allowed to identify target specific optimal score selection thresholds that yielded satisfying EFs, up to two digits, for 57 out of the 117 possible method/ dataset associations (Figs. 3, 4, 5, 6 ). For 1 out of the 117 possible method/dataset associations, the defined threshold resulted in no enrichment (Surflex-dock on SAHH). For the remaining 59 method/dataset associations, the predictiveness curves suggested a defect of association between the scores obtained by the compounds and their activity.
The score selection thresholds for each method varied with the datasets (Surflex-dock: 6.73-12.83, ICM: −52.17 to −22.69, Autodock Vina: −12.10 to −9.00). Mean EF and median EF in the resulting subsets for each virtual screening method were superior to 13.00. The analysis thus allowed to identify target specific optimal score selection thresholds that yielded satisfying EFs, up to two digits, for 57 out of the 117 possible method/dataset associations (Fig. 3, 4, 5, 6 ). For 1 out of the 117 possible method/dataset associations, the defined threshold resulted in no enrichment (Surflex-dock on SAHH). For the remaining 59 method/dataset associations, the predictiveness curves suggested a defect of association between the scores obtained by the compounds and their activity.
We finally highlighted systems that illustrated the interest of using the PCs as a complement to the ROC curves: (1) Surflex-dock and ICM applied to the HMGR dataset represented one of the best-achieved early recognition cases, both PCs displaying a steep inflexion point. In this case, the analysis of the PC validated the profile of the ROC curve and informed us that the scores obtained by both methods were highly associated to the detection of active compounds; (2) For the PARP dataset, the analysis of the PCs allowed to easily estimate an optimal score selection threshold for Surflex-dock whereas ROC AUCs and ROC curve profiles were very close for all methods; (3) For the GART dataset, the PCs emphasized a better predictive performance of Surflex-dock scores over ICM's in the early part of the dataset, whereas the ROC curves profiles could lead to an opposite interpretation of the results.
Discussion
The goal of virtual screening methods in drug discovery programs is to predict the potential activity of the compounds of a compound collection on a specific target. The result is a list of compounds ranked by a scoring function that estimates the activity on the target (binding affinity, equilibrium constant, binding energy), which will be confirmed experimentally. Since scoring functions are still the most limiting factor in virtual screening in particular to predict activity, it is usual to select empirically the top scoring compounds for experimental tests [27] [28] [29] . Several performance metrics were developed over the years to evaluate the performance of virtual screening methods and guide the definition of the best protocols. The most used metrics suffer from three main limitations; (1) they focus on the predicted ranks of the compounds according to the scoring function instead of taking into account the value of the score; (2) they do not focus particularly on the top scoring compounds; (3) they do not allow an intuitive estimation of the score threshold that would give the best confidence into finding active compounds.
In the present work, we suggested the use of a metric that tackles these limitations, the Predictiveness Curve. As expected, the score values issued from scoring functions differ from one system to another rendering direct score comparisons between different systems difficult. That is why benchmarking metrics use specificity and selectivity to focus on the ranks of the compounds according to the scoring functions instead of the score values. In prospective virtual screening experiments, since score values and resulting ranks are available to the expert, both should be used to perform the compounds selection for experimental tests. As pointed out by Triballeau et al., a ROC AUC of 0.9 means that a randomly selected active molecule has a higher score than a randomly selected inactive 9 times out of 10 [2] . However, it does not mean that a hit would be confirmed experimentally with a probability of 0.9. ROC curves characterize the overall inherent quality of a virtual screening experiment and by no means are indicative of the quality of a particular compound or of a given subset of the initial compound collection. Finally, ROC plots do not allow a direct estimation of the size of an optimal subset in terms of activity potential, which is a critical task of virtual screening. We suggested in the present work the use of logistic regression and PC analysis to provide activity probabilities related to the scores obtained by the compounds after virtual screening.
Considering early recognition, it seems surprising that in other fields where this problem occurs, such as information retrieval, the metrics that are commonly used are not particularly efficient [30] . Likewise, there is still no consensus on the optimal metric to use to analyze the performance of virtual screening methods. ROC and EF are not able to discriminate the "ranking goodness" before the fractional threshold [4] . Furthermore, if two ranked lists display similar initial enhancements, but differ significantly just after the selection threshold, they would not be differentiated using EF or partial ROC metrics [2, 4, 31] . Since the overall distribution of the scores after virtual screening is taken into account by predictiveness models, the PC is able to perform efficient differentiation in this case. Hence, by summarizing the PC over a restricted range of compounds, pTG quantifies the enhancement of activity in the early part of the ranked molecular dataset and is a function of the overall success of the virtual screening experiment [20] . Now considering the choice of score selection thresholds towards prospective virtual screening experiments, Neyman and Pearson, who pioneered hypothesis testing, asserted that there is no general rule for balancing errors [32] . In any given case, the determination of "how the balance [between wrong and correct classifications] should be struck, must be left to the investigator" [32] . In summary, balancing false-positive and false-negative rates has "nothing to do with statistical theory but is based instead on context-dependent pragmatic considerations where informed personal judgment plays a vital role" [33] . Triballeau et al. transferred the ROC curve to the field of virtual screening and described how to retrieve score thresholds by maximizing either specificity or sensitivity from the ROC analysis [2] . The PC has the advantage to provide a probability-related interpretation of the scores by taking into account their variations, which efficiently complements the ROC curve for benchmarking purposes. Predictiveness curves allow for the detection of optimal score selection thresholds in an intuitive and straightforward way; a task for which the ROC curves are not adapted. Through the analysis of PCs, we were able to estimate optimal score selection thresholds for each virtual screening method used in the study, which were associated to satisfying EFs in each resulting subset. We were also able to detect an absence of association between the scores obtained by the compounds after virtual screening and the activity of the compounds, in particular for experiments that yielded high ROC AUC values. We demonstrated these usages on the DUD dataset for three virtual screening methods, providing all PC and ROC curves with scores and metrics associated to each resulting subset (Figs. 3, 4, 5, 6; Tables 2, 3, 4) .
The first objective of this paper is to introduce to the field of virtual screening the predictiveness curves for the purpose of benchmarking retrospective virtual screening experiments. We believe that benchmarking metrics have to take into account the values of the scores calculated in a virtual screening experiment for a better understanding of its results; which may also support the enhancement of the performances of scoring functions. The second objective of this paper is to provide a method to define score selection thresholds to be used for prospective virtual screenings, in order to select an optimal number of compounds to be tested experimentally in drug discovery programs. The predictiveness curves graphically emphasize the differences in scores that are relevant for the detection of active compounds in a virtual screening experiment and ease the process of defining optimal thresholds. When retrospective studies on a specific target allowed to detect optimal score selection thresholds, considering that a prospective virtual screening experiment could be performed under similar conditions, we can expect score variations to be reproducible and the corresponding score thresholds to be transferable. Therefore, the resulting subset of compounds selected when applying the estimated score threshold would be expected to be highly enriched in active compounds. However, score selection thresholds defined in retrospective studies must be considered carefully when applied for the selection of molecular subsets in prospective studies. It is important to keep in mind that all performance measures should be interpreted in the context of the composition of the benchmarking datasets [34, 35] and that the score selection thresholds that would be estimated during the benchmark should be adapted to the composition of the dataset that will be used for prospective screening.
Conclusion
The value of a continuous test in predicting a binary outcome can be assessed by considering two aspects: discrimination and outcome prediction. In the present study, we proposed predictiveness curves as a complement to the existing methods to analyze the results of virtual screening methods. Logistic regression models can be used to evaluate the probability of each compound to be active given the score it obtained through the virtual screening method. The PC then provides an intuitive way to visualize the data and allows for an efficient comparison of the performance of virtual screening methods, especially considering the early recognition problem. Performance metrics are easily estimated from the predictiveness plots: TG, pTG, PPV, NPV, TPF and NPF. PC also ease the process of extracting optimal score selection thresholds from virtual screening results, which is a valuable step to proceed to prospective virtual screening. The enhancement of activity attributed to the variations of virtual screening scores can then be quantified in the resulting subsets of compounds using the pTG.
Visualizing both the predictiveness curve and the ROC curve empowers the analysis of virtual screening results. The two measures, however, summarize different aspects of the predictive performance of scores and thus answer different questions [14, 20] . On the one hand, we are interested in the ROC curve because it summarizes the inherent capacity of a virtual screening method to distinguish between active and inactive compounds. This information would aid in the decision to whether or not apply a virtual screening method in the first place. On the other hand, the predictiveness curve informs us on the association between virtual screening scores and the activity of the compounds. This information would aid in decision making when performing prospective virtual screening experiments. By simultaneously displaying PC and ROC, we believe researchers will be better equipped to analyze and understand the results of virtual screening experiments.
